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A Clustering Algorithm Based on CUDA Technology for

Massive Electric Power Load Curves
WU Shuang', JI Cong®, SUN Guogiang’
(1. State Grid Jiangsu Electric Power Co., Ltd. Economic Research Institute, Nanjing 210008, China;
2. Jiangsu Frontier Electric Technology Co.,Ltd., Nanjing 211102, China ; 3. Research Center for
Renewable Energy Generation Engineering, Ministry of Education( Hohai University) , Nanjing 210098, China)
Abstract: With the explosive growth of user load data in power consumption information collection and load control systems,
traditional computing frameworks and methods are faced with tremendous computational pressure when dealing with massive user
load clustering and carrying out load characteristic analysis. In this paper, with a view to increasing accuracy and computational
power of graphic process unit (GPU), the fast parallel K-means clustering algorithm for load curves is proposed based on
Nvidia compute uniform device architecture ( CUDA ). This algorithm uses parallel acceleration strategies, such as
parallelization of distance computing and curves counting, and rational allocation of thread blocks, which greatly improve the
clustering speed of user load curves. A number of test examples show that the proposed clustering algorithm in this paper has a
high acceleration ratio and strong adaptability, which is a good way to solve the problem of massive load curve clustering.

Key words:GPU; CUDA; parallel computing; mass data; K-means clustering; power load curve
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Intermittent Load Selection and Recovery Strategy for Network Load Interactive User
QIU Chenguang', CHENG Jinmin', LI Xinjia>, XIONG Zhen®, LI Ping’
(1. State Grid Jiangsu Electric Power Co.,Ltd., Nanjing 210024, China;
2. Jiangsu Frontier Electric Technology Co.,Ltd., Nanjing 211102, China)
Abstract : It proposes the participating network load interaction users and their interruptible load selection, participation strategy
and recovery principle in different running state and demand scene of power grid. So as to achieve fast load removal and
recovery in power grid frequency emergency control, on the other hand, ensure that the important load in emergency control
process is not affected, and ensure the safe operation of power grid under emergency condition.

Key words : network load interaction ; interruptible load power ;grid frequency
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